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 Group development is an initial step and an important influence on learning 
collaborative problem solving (CPS) based on the digital learning environment 
(DLE). Group development based on the Myers-Briggs types indicators 
(MBTI) rule proved successful for the educational and industrial environment. 
The MBTI ideal group rules are reached when a group leader has the highest 
level of leadership and compatibility between group members. The level of 
leadership and suitability of group members is determined based on the MBTI 
learning style (LS). Problems arise when the population of MBTI LS with the 
highest level of leadership is over. This will lead to dual leadership problems 
and have an impact on group disharmony. This study proposes an intelligent 
agent software for the development of the ideal group of MBTI, using the 
Fuzzy algorithm. The intelligent agent was developed on the SKACI platform. 
SKACI is a DLE for CPS learning. Fuzzy algorithm for solving dual leadership 
problems in a group. Fuzzy algorithm is used to increase the population of 
MBTI LS to 3 levels, namely low, medium and high. Increasing the population 
of MBTI LS can increase the probability of forming an ideal group of MBTI. 
Intelligent agents are tested based on a quantitative analysis between 
experimental classes (applying intelligent agents), and control classes (without 
intelligent agents). Experiment results show an increase in performance and 
productivity is better in the experimental class than in the control class. It was 
concluded that the development of intelligent agents had a positive impact on 
group development based on the MBTI LS. 
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1. INTRODUCTION  
Collaborative problem solving (CPS) learning based on digital learning environment (DLE) is  
an effort to realize 21st century skills [1-6]. Group development is a first step and significant influence on  
the effectiveness of CPS learning based on DLE [4, 7-13]. There are many alternative methods for developing 
groups, and each alternative method of group formation has advantages and disadvantages [14]. The criteria of 
the best group are as follows: (1) appropriate individual composition, (2) each individual plays a good function, 
(3) increased individual productivity, (4) increased group productivity, and (5) enjoyable learning experiences 
for both individuals and as a group [14]. 
Group development based on the Myers-Briggs types indicators rule (MBTI) has proven successful 
for the educational and industrial environment [14]. The MBTI ideal group rule is reached when a group leader 
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has the highest level of leadership and compatibility between group members. The level of leadership and 
suitability of group members is determined based on the MBTI learning style (LS). Problems arise when  
the population of MBTI LS with the highest level of leadership is over. This will lead to dual leadership 
problems and have an impact on group disharmony. There is no intelligent agent research for group 
development that addresses the issue of the possibility of dual leardership in MBTI. 
This study proposes an intelligent agent software for the development of the ideal group of MBTI, 
using the Fuzzy algorithm. The intelligent agent was developed on the SKACI platform. SKACI is a DLE for 
CPS learning. The use of fuzzy algorithms to solve the problem of dual leadership. Fuzzy clustering method to 
create homogenous clusters based on weighting the specified criteria [15-18]. The dual leadership problem is 
solved by grouping each level of leadership into several homogeneous cluster levels [12, 15]. Each level of 
leadership of the MBTI LS is made into a homogeneous cluster based on high, medium, and low levels.  
The MBTI LS leadership level was originally 4 (four) levels, with a fuzzy algorithm clustering into 12 (twelve) 
levels. Increasing the level of leadership of the MBTI LS can increase the probability of forming an ideal group 
of MBTI.  
The intelligent agent development method for group development uses constraint programming (CP) 
modeling [19, 20] namely flowchart diagrams, and PHP programming scripts. The intelligent agent test is 
based on the intelligent agent performance metric for group development on CPS learning. The performance 
metrics are based on 5 (five) measuring tools namely [21, 22]: Group formation time, optimization of student 
distribution to groups, Collaboration performance (CO), Knowledge, and skills. It is hoped that  
the implementation of intelligent agents can increase the efficiency of group formation time, group 
performance, and increase the productivity of CPS learning (knowledge, skills). Intelligent agent testing based 
on quantitative analysis comparison between experimental class (applying intelligent agent), and control class 
(without an intelligent agent). Improved performance and productivity of CPS learning in the experimental 
class is better than the control class. It was concluded that the development of intelligent agents had a positive 
impact on group development based on the MBTI LS. 
This paper consists of 4 Sections. Background research, issues, goal setting, and general overview are 
explained in section 1; research method research is discussed in section 2; section 3 discusses results and 
analysis; development of intelligent agents on the SKACI platform is discussed in section 3.1; experiments and 
analyzes of intelligent agents for group development CPS learning on the SKACI platform are discussed in 
section 3.2; and conclusions and suggestions research opportunities are further discussed in section 4. 
 
 
2. RESEARCH METHOD 
This chapter discusses research methodology which consists of stages of research and detailed steps 
of each stage of research. This research consists of 2 main stages, namely:  
− Development of intelligent agents for group formation based on MBTI LS, and fuzzy algorithms. 
Intelligent agents are developed on the SKACI platform. SKACI is a DLE for CPS learning. The output 
is an intelligent agent for group development based on the MBTI LS and fuzzy algorithms. 
− Analysis of the performance of intelligent agents for group development on CPS learning on  
the SKACI platform. 
 
2.1.   Intelligent agent for group development 
The development of intelligent agents on the SKACI platform [23, 24] is illustrated in Figure 1. 
SKACI is a DLE for CPS learning. SKACI functionalities include individual learning environments [25], and 
collaborative learning environments or often referred to as Computer-supported collaborative learning  
(CSCL) [23, 26, 27]. Development of intelligent agents for group development using constraint programming 
(CP) modeling [19, 20] namely flowchart diagrams and PHP programming scripts. The stages of the framework 
for developing intelligent agents forming groups on the SKACI platform are: (a) SLE-interface, (b) group 
formation-intelligent agent, (c) Collaborative problem solving (CPS)-Activity. 
SLE-interface in Figure 1 part (a) as a CPS learning interface for student profile, questionnaire (MBTI 
learning style), and course assignment. The intelligent agent implementation on the SKACI platform in  
Figure 1 part (b). This stage consists of 3 (three) main functionalities, namely: (1) Classifying and Ranking of 
MBTI LS Attributes, (2) Increasing LS of MBTI Population with Fuzzy Algorithm, and (3) Group formation 
algorithms based on MBTI team leader rules. Measurement of the effectiveness of intelligent agents forming 
groups in Figure 1 part (b), namely: the efficiency of group formation time, and optimizing the distribution of 
students in groups. 
CPS learning on the SKACI Platform is illustrated in Figure 1 part (c) [28]. The stages of CPS learning 
activities include (1) collaborative learning, and (2) individual learning. The performance of group formation 
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on CPS learning is measured by individual learning outcomes and collaborative learning. DLE-based CPS 
learning is an effort to realize 21st century skills (21st century Skill) [2]. 21st century skills are the skills needed 
to deal with 21st century problems [2]. 
 
 
 
 
Figure 1. Intelligent agents for the development of CPS learning groups on the SKACI platform [2, 11, 29] 
 
 
2.2.   Intelligent agent performance metrics 
Intelligent agent performance measurement based on measurement metrics in Table 1. Intelligent 
agent performance metrics consist [21, 22]: group formation time, optimization of student distribution to 
groups, collaboration performance (CO), knowledge, and skills. Measurement of group formation time and 
optimization of student distribution in groups is carried out at the formation stage. Collaboration performance 
(CO), knowledge, and skill measurements are performed at the performing stage [2, 11, 29].  
Quantitative analysis of intelligent agents based on comparison of performance measurements 
between the experimental class (applying intelligent agents) and the control class (without applying intelligent 
agents) on CPS learning. The implementation of intelligent agents is successful when the results of  
the experimental class (applying intelligent agents) measurement are better than the control class (without 
applying intelligent agents). 
 
 
Table 1. Metrics performance of intelligent agents for group development on CPS learning 
Stage of group 
formation 
Metrics performance of group 
formation [21, 22] 
Measurement Student Group Class 
Formation Stage 
Group formation time Efficiency time    
optimization of student distribution  
in groups 
Percentage of student distribution    
Performing Stage 
Collaboration performance (CO) 
Peer group member assessment 
questionnaire. 
   
Knowledge Pre-Test & Post-Test    
Skills Project task    
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3. RESULTS AND ANALYSIS 
This chapter discusses the development of intelligent agents for group development on the SKACI 
platform in chapter 3.1, and the Analysis of Intelligent agent Implementation in chapter 3.2. The steps for 
developing an intelligent agent for group development are illustrated in Figure 2. 
 
3.1.  Intelligent agent for group development 
The process stages of intelligent agent software for group development are depicted in Figure 2. 
Intelligent agents for group development are implemented at the formation Stage, in Figure 1 part (b). 
Intelligent agents for group development consist of 3 (three) main functional groups, namely: (1) classifying 
and ranking of MBTI LS attributes, (2) increasing LS MBTI Population with fuzzy algorithm, and (3) group 
formation algorithms based on MBTI rules. A detailed explanation of each section is explained in  
the sub-chapter below. 
 
 
 
 
Figure 2. Process flow of Intelligent agent software 
 
 
3.1.1. Classifying and ranking LS MBTI attributes 
The MBTI LS data was obtained by using the online questionnaire on the SKACI interface. 
Classifying and ranking MBTI LS is the first step to sort the highest level of leadership to the lowest [14].  
The MBTI LS leadership level is depicted in Table 2. Tier 0 is the highest leadership level, and tier 4 is  
the lowest leadership level. The MBTI LS classification algorithm process is illustrated in Figure 3.  
The purpose of this stage is to rank leadership from highest to lowest. The highest level of leadership is a 
priority for candidates to become group leaders. 
 
 
 
 
Figure 3. Classifying and ranking of MBTI LS 
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3.1.2. Increasing LS MBTI population with fuzzy algorithm 
An increased population of LS MBTI for solutions to dual leadership problems in group development. 
An increased population of LS MBTI using the fuzzy algorithm. The determination of the group leader using 
the MBTI rules is illustrated in Table 3. Increasing the number of MBTI LS populations using fuzzy algorithms, 
illustrated in Figure 4. Utilization of fuzzy algorithms by creating 3 levels of MBTI LS levels: 1 (high),  
2 (medium) and 3 (low). The population level of LS MBTI with the application of the fuzzy algorithm to  
15 levels as shown in Table 3, increasing the chances for the formation of the composition of the CPS  
learning group. 
The first step is to determine the number of group leaders. The group leader is chosen based on  
the highest leadership priority (Tier 0 or tier 1). Tier 0 (ESTJ, xor, ISTJ) is the priority to become a group 
leader and may not have group members with the same leadership level (Tier 0 ie ESTJ, xor ISTJ). Tier 1 
(INTJ, xor ENTJ) is the second priority for being a group leader and may not have group members with higher 
or equal leadership levels.  
 
 
Table 2. MBTI team leader role [14] 
Team 
Leader 
Role 
Guardians Artisans Idealists Rationals 
Tier 0 ISTJ, ESTJ        
Tier 1   
ISTP, 
ESTP 
  
InTJ, InTP, 
EnTP, 
EnTJ 
Tier 2 ISFJ, ESFJ   
InFP, 
EnFP 
  
Tier 3     
InFJ, 
EnFJ 
  
Tier 4   
ISFP, 
ESFP 
    
 
 
 
Figure 4. Increased population of LS MBTI using  
fuzzy algorithm 
 
 
Table 3. Increased population of MBTI LS 
Level Guardians Artisans Idealists Rationals 
1 ISTJ, ESTJ    
2 ISTJ, ESTJ    
3 ISTJ, ESTJ    
1  ISTP, ESTP  InTJ, InTP, EnTP, EnTJ 
2  ISTP, ESTP  InTJ, InTP, EnTP, EnTJ 
3  ISTP, ESTP  InTJ, InTP, EnTP, EnTJ 
1 ISFJ, ESFJ  InFP, EnFP  
2 ISFJ, ESFJ  InFP, EnFP  
3 ISFJ, ESFJ  InFP, EnFP  
1   InFJ, EnFJ  
2   InFJ, EnFJ  
3   InFJ, EnFJ  
1  ISFP, ESFP   
2  ISFP, ESFP   
3  ISFP, ESFP   
 
 
3.1.3. Group formation algorithms based on MBTI rules 
Group formation algorithms based on MBTI rules are rules of group development based on the level 
of leadership of MBTI LS, and rules of compatibility between group members based on MBTI LS [14]. Stages 
of student distribution in groups based on the MBTI enneagram matrix is to determine the number of group 
leaders, and the distribution of group members. 
 
3.2.   Analysis of implementation of intelligent agent 
Analysis of intelligent agent implementation is based on a comparison between the experimental class 
(applying intelligent agent), and the control class (without intelligent agent). The objects of this study were  
-2 classes of Database of 2016 Computer Science Education study programs at UPI. One experimental class 
and one control class, and each class consists of 36 students. Each class is made up of 9 groups for each group 
of 4 people. Data processing using IBM SPSS Statistics software. 
The group formation of each class is static and is done once at the beginning of CPS learning. Testing 
of intelligent agents for group formation using statistical methods paired Sample T-Test that compares groups 
between the experimental class and the control class. Quantitative analysis of intelligent agents forming groups 
               ISSN: 1693-6930 
TELKOMNIKA Telecommun Comput El Control, Vol. 18, No. 1, February 2020:  199 - 207 
204
based on the performance of intelligent agents in Table 1. The results of the performance of intelligent agents 
for group formation based on 5 (five) metric measurements are [21, 22]: 
 
3.2.1. Group formation time 
The effectiveness of group formation time is compared between the experimental class and the control 
class. The measurement of group formation time is illustrated in Table 4. The time for the experimental class 
is 15 minutes, and the control class is 27 minutes. Uneven group composition occurs in the control class, so it 
is necessary to re-form the group. Whereas in the experimental class group formation is only done once. 
 
 
Table 4. Group formation time 
Experiment class Control Class 
Component of group formation time Quantity Component of group formation time Quantity 
Online questionnaire MBTI 15 minutes Negotiation between students 15 minutes 
Processing of LS MBTI 0.564 seconds Group formation 12 minutes 
Group formation by intelligent agent 0.596 seconds   
Total Time 15 minutes, 1,133 seconds. Total Time 27 minutes 
 
 
3.2.2. Optimizing the distribution of students in groups 
Optimizing the distribution of students in groups for the experimental class is 100%, while for  
the control class is 90%. The class experiment is more optimal because of the certainty of the group 
development rules of the MBTI. While the control class leaves 10% of students who haven’t gotten a group, 
this is due to the individual match factor between students. A renegotiation process is needed to distribute  
the remaining 10% of students.  
 
3.2.3. Collaboration performance (CP) 
Collaboration performance (CP) is measured by peer assessment online between members in one 
group. CP is done every time after working on a collaborative project and is done 3 times. The questionnaire 
aims to find out three CP values, namely: participation, perspective thinking, and social regulation. The average 
CP value in experiment class and control class is illustrated in Figure 5. CP value in experiment class is better 
than control class. Group collaboration in the experimental class is better than the control class. Group 
composition based on MBTI rules has proven to be able to increase group collaboration. 
 
 
 
 
Figure 5. Collaborative performance (CO) 
 
 
3.2.4. Knowledge 
Knowledge is taken from the average score of the pre-test and post-test for each student conducted 
online on the SKACI platform. The comparison of pre-test and post-test values between the experimental class 
and the control class is illustrated in Figure 6. The average value in the experimental class is better than  
the control class. The suitability of individuals in groups is proven to increase group collaboration and 
knowledge of each individual. 
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Figure 6. Knowledge value of CPS learning 
 
 
3.2.5. Skill 
Skills are taken from the value of student project assignments as a group. Project tasks are performed 
3 times either in the experiment class or in the control class. Good group collaboration will affect the quality 
of project tasks for each group. The average skill score in the experimental class is better than the control class, 
shown in Figure 7. The skill value in the experimental class is strongly influenced by good group collaboration. 
The results of the experiment based on performance metrics on intelligent agents for group 
development show that the experimental class is more effective than the control class. The application of 
intelligent agents for group development based on MBTI rules has a positive effect on group collaboration. 
Increased group collaboration has a positive effect on the value of skills and knowledge both for individuals 
and groups. 
 
 
 
 
Figure 7. Skills in CPS learning 
 
 
4. CONCLUSION 
Group development based on MBTI rules has proven successful for the education and industry 
environment. MBTI ideal group rules are achieved when a group leader with the highest level of leadership, 
and compatibility between group members. The level of leadership and suitability of group members is 
determined based on the MBTI LS. Problems arise when the population of MBTI LS with the highest level of 
leadership is over. This will lead to dual leadership problems and have an impact on group disharmony. This 
study proposes an intelligent agent software for the development of the ideal group of MBTI, using the fuzzy 
algorithm. Fuzzy algorithm for solving dual leadership problems in a group. Fuzzy algorithm is used to increase 
the population of MBTI LS to 3 levels, namely low, medium, and high. Increasing the population of MBTI LS 
can increase the probability of forming an ideal group of MBTI.  
Intelligent agent is successful in solving dual leadership problems. The test results in the experimental 
class (applying intelligent agents) are better than the control class (without intelligent agents). Intelligent agent 
performance measurement based on 5 (five) measurement metrics, namely: group formation time, optimization 
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of student distribution to groups, collaboration performance (CO), knowledge, and skills. It was concluded that 
the development of intelligent agents had a positive effect for group development based on  
the MBTI LS. 
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